Object-Oriented Programming is one of the most used paradigms. Complementarily, the software maintainability is considered a software attribute playing an important role in quality level. In this context, Object-Oriented Software Maintainability (OOSM) has been studied through years, and many researchers have proposed a large number of metrics to measure it. Consequently, the decision-making process about which metrics can be adopted in experiments on OOSM is a hard task. Therefore, a metrics' categorization has been proposed to facilitate this process. As result, 7 categories and 17 subcategories were identified. These categories represent the scenarios of OOSM metrics adoption, and a family of OOSM metrics catalog was generated based on the selection of a metrics' categorization. Additionally, a quasi-experiment was conducted to check the coverage index of the catalogs generated using our approach over the catalogs suggested by experts. 90% of coverage was obtained with 99% of confidential level using the Wilcoxon Test. Complementarily, a survey was conducted to check the experts' opinion about the catalog generated by the portal when they were compared by the catalogs suggested by them. Therefore, this evaluation can be the first evidences of the usefulness of the family of the catalogs based on the metrics' categorization.
Introduction
Nowadays, Object-Oriented Programming (OOP) is one of the most widely used programming paradigms (Tiobe, 2013) . Thus, programming languages that adhere to the OOP paradigm, such as C#, C++, Visual Basic, Java, Python, .NET, Objective-C, are among the most popular languages adopted in globally known software development companies such as, Microsoft (2013) , Apple (2013) , and so on. In addition, they are the predominant languages in source code repositories, such as, Github (2013) , Tigris (2013) , JavaForge (2013) , CodeFlex (2013 ), Source Forge (2013 , and Google Code (2013) repositories. This research focuses on OOP languages.
Software maintainability, the ease with which a software system can be understood and modified in order to accommodate bug fixes, new features, and improvements in general, plays an important role in software quality (Lin, 2010) . The less effort/cost during the software maintenance cycle, the higher the software's quality level (Sommerville, 2007) . Therefore, more research on software maintainability is needed. Thus, the work presented here is focused on
The research problem that we tackle in this work is the lack of useful information about OOSM metrics to support the decisionmaking process about which ones should be adopted in an OOSM evaluation. By 'useful information about metrics', we mean the name and description about the metrics, who proposed/adopted them, tools that collect them automatically, the process describing how they were validated, how many times they were adopted in previous studies, and so on.
Considering this research problem, the main goal of this work is to provide useful information such as a metrics' classification (categorization) for help researchers in the decision-making process about the selection of the OOSM metrics considering all maintainability tasks. The main idea is to generate a family of catalogs based on the categories choice, and these catalogs can be initially used toward the definition of which metrics can be adopted by researchers/practitioners interested in OOSM evaluation. We expect to provide useful information about OOSM metrics for developers, project managers, and researchers that do not have experience in metrics adoption.
The main idea is to help researchers with little (or non) expertise in software metrics during the decision-making process about which metrics adopt in their assessments. Instead of to search metrics in the whole Internet, they can find a metrics suite to adopt using the metrics categorization that we are proposing through a catalog of metrics suggested by a portal specifically related to OOSM metrics. This catalogs generation can make easier the searching for maintainability metrics. And more, we proposed the metrics' categorization based on some issues that are directly related to software maintainability indicators, such as coupling, cohesion, inheritance, complexity, tools support, and so on. These categories represent how software maintainability can be viewed and measured.It is important to clarify that our approach does not decide a final catalog to be used, instead of it, we suggest an initial catalog to be consulted by the researchers. Consequently, the metrics that should be used is a decision made by the researcher.
Thus, this paper presents a metrics' categorization to be used as an engine for generation of a family of OOSM metrics catalogs. In addition, an evaluation of these catalogs was performed to check the feasibility of this approach's adoption. Section 2 shows the proposal of the metrics' categorization. The design of the approach assessment is depicted in Section 3. The results discussion is presented in Section 4. Section 5 shows discussion the works that have some results in common with ours. Section 6 presents the limitations and threats to validity. Finally, Section 7 depicts the concluding remarks.
The approach: Metrics categorization
As mentioned before, the goal of this research is to provide a metrics' categorization as useful information to the decision-making process of metrics adoption. Thus, we assumed that the OOSM context can be represented by metrics' categories. It is important to clarify that we call the context of metrics' adoption the circumstances where the software system was developed and the software nature (e.g. industrial or proprietary), and the software attribute measured (e.g. coupling or complexity).
The main idea is to take the metrics identified in a mapping study that we have conducted (Saraiva et al., 2012) as a starting point and try to categorize and to summarize these metrics supporting the decision-making process on which metrics to adopt. Mapping studies (Arksey and O'Malley, 2005; Kitchenham, 2004; Petersen and Wohlin, 2009) try to gather all research related to a specific topic. Since we wanted to know which metrics have been used as indicators in OOSM assessment in the literature, this method was the most appropriate one. We adopted the guidelines of Kitchenham (2004) to perform the study and the results can be observed in our previous work.
In this mapping study (Saraiva et al., 2012) we found almost 600 metrics. Based on the information about the metrics we found in the papers selected in the mapping, we propose a metrics categorization. We used a conceptual grouping categorization to define the classification groups (categories) (Veling and Van Der Weerd, 1999) . For this type of categorization, an element can belong to another group in different levels of pertinence. It means that a metric can belong to one or more categories, based on the definition of the category. For instance, the CBO metric can fit within the 'Coupling' category and the 'Tools Support' category. The categorization was devised through a subjective assessment of the papers that contained the metrics descriptions and the metrics' adoption scenarios.
A hierarchy grouping assessing (The Conceptual Grouping Effect, 2008) method was employed to define the categories (groups) and the level of pertinence for each metric (element), as is depicted in Fig. 1 .There are categories and subcategories proposed in a hierarchy to make easier the comprehension the categories definition. We did this hierarchy to simplify the organization of the categorization, and the categories in the level above encompass the concepts of the subcategories matched in the level below. The categorization of the OOSM metrics was conducted based on their definitions, found in the papers selected in the systematic mapping study. We believe that with an appropriate categorization considering various domains of metrics adoption, a metrics catalog will be easily chosen by researchers and software practitioners using an OOSM metrics' catalog generator.
We also developed a catalog generator as a feature of the OOSM metrics portal (http://julianasaraiva.info/oosmMetricsPortal) where the user can choose a category or a group of categories, and based on that choice, the portal suggest a metrics' catalog to be initially consulted by the user. It is important to mention that a metric can be classified in more than one category because these categories are not mutually exclusive.
Actually, it is possible that we provide different catalogs for different contexts, based on the metric categorization required by the researcher or practitioner that is using the 'catalog generator'. It is important to clarify that we use the term 'catalog generator' as an infrastructure that provides a list(s) of metrics' catalogs that can be suitable for software maintainability assessment based on the software characteristic to be evaluated.
Approach assessment design
The research described here aims to provide useful information about OOSM metrics through a web portal that contains, among other things, generation of metrics' catalogs based on the context of the empirical study in which they will be employed. This context is defined by the metrics categories selected by the researcher. We have conducted an assessment of this categorization to check the feasibility of this approach. This section describes the quasi experiment we have conducted. Section 3.1 shows the experimentation goals and definitions of the quasi-experiment. The experiment design and hypotheses are depicted in Section 3.2. Finally, Section 3.3 presents the method to extract and evaluate the resultant data.
Experimentation goals
In software engineering, an experiment is an investigation of a testable hypothesis where one or more independent variables are manipulated to measure their effect on one or more dependent variables (Jedlitschka and Ciolkowski, 2008; Juristo and Moreno, 2001; Wohlin et al., 2000) . In a true experiment, the environment control is an important issue. An evaluation that is organized as an experiment where it is not possible to sample randomly is considered a quasiexperiment (Jedlitschka and Ciolkowski, 2008; Juristo and Moreno, 2001; Shadish et al., 2002; Sim et al., 2003) .
In our case, there are two issues that classify our research method as a quasi-experiment: (i) we do not know the actual population of researchers and practitioners who adopt OOSM metrics; (ii) we are not sure about the subjects' knowledge on OOSM metrics. Consequently we cannot categorize them in blocks, based on their expertise. It means that our experimental units were not assigned randomly. Having clarified his point, for simplicity, we also employ the term 'experiment' (and associated terms, such as 'experimental') to refer to the evaluation of the proposed approach.
The experimental goal is to check how many metrics suggested by the catalog generator were also suggested by the metrics' experts. We calling this comparison the catalogs coverage assessment. We would like to observe what is the coverage percentage of the OOSM metrics from the catalog proposed by the catalog generator over the OOSM metrics catalogs suggested by researchers based on their expertise in OOSM evaluations. With this experiment, we would like to know if a non-expert using the categorization proposed by us to generate a catalog (to be initially consulted by him/her) would obtain a catalog that is similar to one suggested by experts in OOSM quantitative studies. A positive result would indicate that the proposed approach is useful.
Some experimental definitions adopted to perform the experiment can be seen in Appendix A. It is important to highlight that all these experimental definitions were proposed by published papers, guidelines, and books related to experimental software engineering (Jedlitschka and Ciolkowski, 2008; Juristo and Moreno, 2001; Wohlin et al., 2000) . We believe that if the coverage is high it means that a non-expert in metrics that uses the metrics' categorization can spend less time searching for metrics, because the catalog that an expert would suggest for him/her would be similar to the catalog suggested by the catalog generator.
Experiment design
Two tasks were conducted during the experiment design phase: (i) the hypotheses definition, and (ii) the data collection process definition. Therefore, based on the experimentation mentioned in Appendix A, we tried to find evidence about of the coverage OOSM metrics catalogs generated based on a selection of the proposed categories over the OOSM metrics catalog proposed by the experts.
A coverage index (CI) was defined for each catalog generated during the experiment (Nie and Kambhampati, 2004) . The CI is the probability that the metrics suggested by the experts belong to the catalog suggested by the catalog generator. It is important to remember that the catalog generator uses the metrics categorization to compose the final suggested catalog. Assuming that, we can define Xi as the metrics catalog generated using our approach (categorization choice) by researcher i, and Y i as the metrics catalog generated by the expert researcher i. Therefore, for each researcher (i) evaluated, a CI i was denoted as:
Where, X i is the metrics catalog generated using our approach (categorization choice) by researcher i, Y i is the metrics catalog generated by the expert researcher i, and # is a function that returns the number of metrics in a catalog. The goal of this evaluation is to infer that our catalogs' coverage is greater than 90% over the metrics suggested by experts. 90% of coverage was assigned because we tried to evaluate our results with 100% of coverage, however, we did not succeed. Thus, we decreased the level of coverage, so it was possible to be supported by statistical evaluations. Thus, the hypotheses definitions are:
H 0 : CI <= 0.9. In other words, the catalogs generated using our approach have less than 90% of coverage over the catalogs proposed by experts (null hypothesis).
H 1 : CI > 0.9. In other words the catalogs generated using our approach have at least 90% of coverage over the catalogs proposed by experts (alternative hypothesis).
We used a direct technique as experiment instrumentation, specifically questionnaires (Jedlitschka and Ciolkowski, 2008) . Direct techniques allow the experimenter to obtain a general understanding of the software engineering process. They comprise brainstorming, focus groups, interviews, questionnaires, and conceptual modeling (Jedlitschka and Ciolkowski, 2008) . Interviews and questionnaires are techniques that have been used by researchers when their goal is to understand general information (including opinions) about a process, product, or even personal knowledge. It can be adopted for small or large volumes of data. As interviews involve at least one researcher talking to at least one respondent, we did not use interviews because we would like to get answers from researchers around the world.
Questionnaires are sets of questions administered in a written format. The use of questionnaires is the most common field study technique because they can be administered quickly and easily (Jedlitschka and Ciolkowski, 2008; Juristo and Moreno, 2001 ). We adopted questionnaires because they are time and cost effective, and also convenient, since researchers do not need to schedule sessions with the interviewees to administer them, and they can be filled out when each interviewee has time. Nevertheless, it is important to remember that since there is no interviewer, ambiguous and poorlyworded questions are problematic (Jedlitschka and Ciolkowski, 2008; Juristo and Moreno, 2001; Wohlin et al., 2000) .
The questionnaires were applied online, through the OOSM metrics portal http://julianasaraiva.info/oosmMetricsPortal. We generated a login and a password for each experiment participant. They could access metrics information contained in the portal only after answering the questionnaire. The subjects group was composed by researchers and practitioners around the world who are involved in OOSM evaluations. It is important to highlight that a dry-run was executed with graduate students and professors of our research group trying to adjust the questionnaire if necessary. The whole questionnaire applied in our research can be observed in Appendix A and it is composed by five parts:
1. PROFILE: To inform where the subject came from; 2. EXPERTISE: To indicate the subject's background; 3. METRICS: To collect metrics suggested by the subject for OOSM assessments; 4. CATEGORIES: To characterize the OOSM evaluation context; 5. COMPARISON: To capture the difference between the catalogs generated by the tool and by the subject.
The respondents were invited based on their experience in software maintainability and software metrics. Their names/emails were collected in the website of known conference proceedings related to both topics (from 2009 to 2013) It is an auto-selection since the invitations were sent based on our individual decision, and we could not sample the subjects randomly.
It is important to point out that when the experts answered the questionnaire, they could suggest any metrics they deemed appropriate, with no constraints. They included all metrics that they considered relevant to assess software maintainability, independently of the maintainability task. Indeed, we really would like to check which OOSM metrics can be adopted for software maintainability evaluation during the whole process of software maintenance and evolution. The use of metrics for the estimation of reusability, verifiability, and testability is analyzed. Nesi and Campanai (1996) Analyzability . . . three main subcharacteristics of maintainability: analyzability, changeability, and understandability. . .
Bagheri and Gasevic (2011)
Evaluated This paper first analyzes the limitations of typical cohesion measures for classes in detail.
Icbmc (2002) Validated The proposed approach was validated against an open source software system, namely GanttProject version 1.10.2. Bavota et al. (2011) 
Data extraction method
As the questionnaire was answered by means of a web form (OOSM metrics portal), it was possible to keep all the responses in a database. From the profile part, information such as environment (industrial/academic), position, affiliation and email were kept. The subject's expertise in OO development and software maintainability evaluation was also saved. Lastly, the metrics and categories to be used in OOSM assessment proposed by the subjects were saved.
It is important to highlight that we developed a specific module for applying the questionnaire. This module is integrated into the portal because it eased the comparison between catalogs suggested by the subjects, and the catalog generated by the catalog generator. Three tools were tested for building and applying the questionnaire during the experiment design: eSurveyPro, 1 SurveyMonkey, 2 and eSurveyCreator. 3 However, we could not integrate any of them with the catalog generator. Because of this the questionnaire application module was also developed within the portal.
Complementarily, we would like to check the experts' opinion about the catalogs generated using our approach. Therefore, during the questionnaire application, the subjects could compare the catalog suggested by them with the catalog suggested by the catalog generator. After that, the two catalogs were shown, and the metrics that differed were highlighted. The subjects answered a final question about the equivalence of the two catalogs. This question had two values (evaluation attributes):
Yes 2. No
For data analysis, a statistic evaluation was performed checking the CI (cover index), i.e., the probability of a metric proposed by the expert belonging to the catalog suggested by the catalog generator using our approach (Nie and Kambhampati, 2004) . We used the Wilcoxon Test for one sample to assess the CI. Additionally, we adopted the Hypotheses Test for a Proportion to assess the experts' opinion about the catalogs generated (Wilcox, 2004) . With these statistical measurements, we could check the coverage of catalogs generated by the tool over the catalogs suggested by the experts, and how useful can be the proposed categorization for researchers that do not have experience in metrics adoption. This addition evaluation is presented in Appendix B.
Result discussion

Metrics' categories
The large number of metrics shown in our previously work (Saraiva et al., 2012) poses many challenges to researchers intending to conduct OOSM studies and software practitioners whose goal is to assess maintainability. Additionally, the metrics descriptions were scattered throughout a number of different papers. They had different levels of evaluation, and their names were inconsistent (Saraiva et al., 2013) . As mentioned before, we have categorized the metrics in terms of quality attributes, of adoption's context, and of nature of software measured. The complete categorization is discussed in this section.
The large number of OOSM metric that we identified is an obstacle to their use in practice. Thus, taking these metrics as a starting point, we attempt to categorize and summarize these metrics to make easier the decision-making process about which metrics to adopt. It is important to clarify that the classification of metrics as OOSM metrics was based on the metrics' definition found in the primary studies selected in the systematic mapping study (Saraiva et al., 2012) . It means that, a metric was considered as indicator of software maintainability if the paper selected in the mapping study contained the word 'maintainability' in description of the scenario of metric's adoption. Table 1 shows some examples of metrics' descriptions or definition of adoption scenarios that support the categorization proposed here. The first column represents the categories, the second column represents the text extracted from the papers selected from the SMS that support the categories definition, and the last column has the references of these papers. We propose the following categorization for the metrics:
1. Relevance: This category is composed by two sub-categories: (i) most adopted, and (ii) most relevant metrics. For the first one, (i) we counted how many times a metric appeared (proposed or adopted) in the papers selected by the systematic mapping study (SMS). So, they were ranked as most adopted metrics, considering the number of times they were found in the selected studies. On the other hand, for the most relevant metrics subcategory, the primary studies selected in the systematic mapping were ranked based on the number of citations of each study. We considered the Google Scholar engine to count the number of citations. After that, we had the most relevant papers for the area from the 35 studies best ranked (rank's 1st quartile). From the most relevant papers, we extracted the metrics they contained, and classified the metrics according to the number of times they were used in these 35 best-ranked studies. Actually, this category was not used to filter metrics in the catalog generator. Instead of it, the category is used to rank the metrics based on the relevance of them. With this category, we could observe which metrics were more mentioned or more used by other researchers. Therefore, when the catalogs are generated in the OOSM Metrics Portal, the last column of the catalog indicates how many times the metrics were adopted. Fig. 1 depicts an illustration of a catalog generated. 2. Environment: The environment in which a metric was employed can be (i) academic, and (ii) industrial. The academic metrics includes metrics that were used in academic contexts, such as, in software engineering academic research. On the other hand, the industrial metrics were proposed by or adopted in industrial scenarios. It is important to clarify that a metric can be considered as both, industrial and academic, if it was adopted in both contexts.
This category was proposed to help researchers in searching of a metric that measured real software. In other words, in some cases, academic research uses 'toy software' for assess an approach, while industry uses its own software to test and measure an approach. Consequently, with this category, it is easier to check the effect of metric based on the circumstance where the software was measured. In addition, the use of the industrial metrics can indicate a type of metrics' validation. We believe that since we make explicit that the catalog is composed of any maintainability metric we could find, the users can also be practitioners. Moreover, practitioners did not evaluate the catalog and we do not claim which metrics are more used by them (practitioners). The goal of the catalog is to help any user (researcher or practitioner) in the decision-making process of metrics choice for whatever is his/her purpose. Instead of looking at 568 metrics, by selecting categories, the researcher/practitioner will look at a smaller set of metric, the ones of the selected categories. 3. License type: This category can classify the metrics in two groups:
(i) open source metrics, that were used in open source software maintainability assessments, and (ii) proprietary metrics that were used in evaluations of proprietary software. The idea behind this classification is to improve the decisionmaking process when a researcher wants to assess the reliability of the metric. For example, when a researcher find an 'open source metric', it is possible to check in the paper(s) that addressed this metric where is possible to get the source code of the software measured. This information about the papers is also available at the metrics' portal. Consequently, the researcher can get the code of the open source software and analyze if the metric is measuring what it is necessary to measure. 4. Internal attributes: This classification is composed by the aforementioned five internal quality attributes related to software maintainability: (i) size, (ii) complexity, (iii) coupling, (iv) cohesion, and (v) software architecture constraints. 
Tool support:
This category considers metrics that can be automatically collected by a tool. 6. External attributes: The focus of our research is OOSM, nevertheless, other sub-characteristics and external attributes can be associated or measured by a metric. Consequently, the metrics were also classified considering the following external attributes that have a relationship with maintainability: analyzability, changeability, stability, testability, reliability, extendibility, reusability, readability, flexibility, traceability, scalability, usability, understandability, adaptability, verifiability, variability, instability, modifiability, fault proneness, efficiency, capability, availability, replaceability, predictability, comprehensibility, performance, applicability, accessibility, vulnerability, visibility. It is important to clarify that these external attributes were found in the studies' context described in the selected papers of the conducted SMS. 7. Assessment: This category is composed by the metrics that were evaluated/validated. For this category, the metrics can be classified as (i) evaluated metrics, that were not validated, but evaluated in any way, such as with a comparison between the metric with other metrics that measure the same issue or with the metric reliability assessment where a researcher tried to check if the metric measures what was proposed for; and (ii) validated metrics, that is composed by the metrics that were validated. It is important to highlight that we are considering all the 47 ways of metrics evaluations found by the work of Meneely et al. (2012) , such as protocol validity, notation validity, non-uniformity validity, theoretical validity, and so on.
We believe that with an appropriate categorization considering various domains of metrics adoption, researchers and software practitioners can more easily choose a metrics catalog. In addition, metrics can also be classified in more than one category because the categories are not mutually exclusive. Fig. 2 depicts the categories and subcategories proposed. In addition, we believe that in a future work, the feature model that represents the metrics' categorization can be improved and expanded.
Approach evaluation
This section presents and discusses the results of the quasiexperiment performed to assess the proposed approach for metrics' catalogs generation based on the metrics' categorization. Experts in software maintainability metrics answered the questionnaire. These experts were chosen because they have written papers that addressed software maintainability and/or software metrics. Their names/emails were obtained through the website of the major conferences in software engineering, software maintainability, and software metrics mentioned in Section 3.2. An invitation was sent to them explaining the goal of the questionnaire application, and also, a login/password for accessing the portal's restricted area to answer the questionnaire. Seven authors did not answer the questionnaire claiming that although they have published papers about the software maintainability metrics, they did not consider themselves as experts in this topic. In those situations, they sent us an email justifying their position. On the other hand, other researchers, besides answering the questionnaire, gave us a feedback about our research. Researchers such as, Chris Francis Kemerer, who proposed the well-known CK metrics (Chidamber and Kemerer, 1994) , sent us emails evaluating positively our research subject.
Out of 130 invitations sent, 47 (36.15%) people answered it. The questionnaire was available online during one month (12/06/13 to 01/06/14). We believe that the low number of answers may have been caused by the work holidays that occur during this period. Therefore, researchers and practitioners did not get the invitation email. This number can change in the future if new researchers answer the questionnaire. The following sections show and discuss the results of the evaluation of the proposed approach.
Respondents' profile assessment
The first part of the questionnaire was related to the respondent profile. Figs. 3 and 4 show the profile results. The majority of the respondents are from academic environment. This result is expected since authors of conference proceedings papers, which in most of cases are academic researchers, composed the list of potentially respondents. The industrial respondents that answered the questionnaire were in the most of the cases researchers/practitioners of companies that has somehow employees dedicated to software research. However, it is important to highlight that there were respondents with 'industrial practitioner' profile. It is possible to observe through Table 2 and Fig. 5 where the respondents came from. The majority of the respondents are from the United States of America. Another issue to point out is the diversity of countries involved in the quasi-experiment. Overall, researchers and practitioners from 15 countries responded our survey. In addition, the majority of them are working in universities. This corroborates with the previous results about the work environment of the respondents. Once again, this result is expected since the source used to compose the respondents' database is directly related to academic research scenario: conference papers.
Respondents' expertise
The second part of the questionnaire was about the respondents' expertise in software maintainability and software metrics. For measuring the expertise, three levels were adopted: low level (0-6 months), medium level (> 6 months-2 years), and high level (> 2 years). Surprisingly, all questionnaire participants informed that they have the 'low level' expertise in software maintainability. Maybe these results stemmed from the respondents that focus their research and expertise in software quality, not only on software maintainability as isolated topic. On the other hand, Fig. 6 depicts the respondent's expertise in software metrics. It is possible to observe that the majority of the respondents consider themselves to be experts in software metrics.
Metrics assessment
Each respondent presented a list of metrics that they considered appropriated to assess OOSM. They had to insert the metrics' name, and a brief description. Considering the 47 respondents, 204 metrics were suggested. An important observation is that out of the 204 metrics suggested by the experts, just 25 metrics did not exist in the portal's database. In other words, the set of metrics we identified covered more than 87% of all the metrics suggested by the respondents. Table 3 shows these metrics. It is important to emphasize that the metrics' descriptions presented in Table 3 were suggested by the respondents. The first column contains the metrics' name, and the second column represents the metrics' descriptions inserted by the respondents. It is important to highlight that the metrics' descriptions shown here are the descriptions proposed by the respondents. Some of them are not in the portal's database because the collection of metrics information occurred until July 2011. Some of them may have been published after this date. Complementarily, there were also metrics that exist in the portal's database that were never suggested by the portal. Table 4 shows these cases. It occurred because the respondent fit some metrics in categories different from our match of metrics-category. For example, the 'CBO (coupling between objects)' metric is classified as a 'coupling' category in the portal's database. However, if the respondent inserted the 'CBO' metric, and chose any category other than 'coupling', for example 'size metric', this information will never match with the information contained in the portal, because in there 'CBO' is classified as 'coupling metric' not as 'size metric'. The occurrences of these cases exposed in Table 4 shows once again the non-standardization of metrics' naming and adoption, where some of researchers classify a metric as 'coupling metric', and others classify the same metric as 'size metric'. 
Categories assessment
The fourth part of the questionnaire was the categories suggested by the respondents. They inserted metrics they considered appropriate in software maintainability assessment, and chose categories/subcategories that match with metrics previously inserted. Then, Table 5 shows how many times each category/subcategory was selected. The first column indicates the name of the category and the second column represents the number of occurrences, i.e., how many times that category was chosen. Table 5 allows us to infer what specialists take into account when software maintainability metrics have to be chosen. It is important to highlight that all of the categories we proposed were selected by the questionnaire' participants. Other issue that is important to point out is that the experts could suggest new categories to fit their metrics. Nevertheless, we did not receive any new suggestion for include new metrics' categories. This result suggests that the categories/subcategories proposed in this work have the potential to help researchers in the decision-making process about which metrics can be adopted in their evaluations. Additionally, Table 6 depicts in detail the categories suggested by the respondents.
Assessment of the catalogs' coverage
This section presents a discussion about the catalogs' coverage of the metrics' catalogs generated using our approach over the catalogs suggested by the experts interviewed. As mentioned before, the experts had the opportunity to suggest metrics' catalogs to evaluate software maintainability when responding to the online questionnaire. Therefore, it was possible to check how many metrics suggested by the catalog generator were also suggested by the metrics' experts. I.e., we could observe the coverage of catalogs generated using our approach when compared to the ones suggested by the respondents.
The main idea is that the decision-making process about the metrics choice that can be adopted in OOSM evaluation can be facilitated using catalogs generated through the metrics categorization proposed. It is important to highlight that our targets are researchers who do not have experience in software metrics adoption. However, the experts can also use the catalogs generated with our approach to improve their expertise in this scenario. Fig. 7 shows the results of the catalogs' coverage obtained through the questionnaire answers. It is possible to observe that in the majority of the cases, the catalogs' coverage is at least of 90%. This suggests that when a non-expert researcher uses the catalog generator, the OOSM metrics catalog will closely resemble one suggested by an expert.
A CI was defined for each catalog generated during the quasiexperiment (Nie and Kambhampati, 2004) . The CI definition is detailed in Section 3.2. Table 7 shows the CIs of the 47 catalogs generated using our approach. The first columns indicate the number of the catalog, and the subsequent columns represent the CIs. In addition, Table 8 depicts the number of metrics suggested by the experts and suggested by the portal. The first column represents the questionnaire participant identification, the second and the third columns represent the number of metrics suggested by the experts and by the portal, respectively. The fourth column indicated the coverage percentage, and the last column informs the percentage of the total metrics (568) suggested by the portal found with our previously performed (Saraiva et al., 2012) . Based on the CIs of the various catalogs, it was possible to formulate the following hypotheses:
H 0 : CI <= 0.9 of #(Yi). In other words, the catalog generated using our approach has less than 90% of coverage over catalogs proposed by experts.
H 1 : CI > 0.9 of #(Yi). In other words the catalog generated using our approach has at least 90% of coverage over catalogs proposed by experts.
It is important to remember that Yi is the metrics catalog generated by the researcher i expertise. Analyzing the data histogram depicted in Fig. 8 , it is possible to observe a data asymmetry. Consequently, a non-parametric test was applied to assess the data set (Wilcox, 2004) . Specifically, the Wilcoxon Test for one-sample was used, and the sampling distribution of the test statistic W can be approximated by a distribution normal.
For these cases, we reject the H 0 hypothesis if W > Zα (Wilcox, 2004) . Zα is a score of the normal distribution according to the significance level (α) adopted for the test. For this assessment, we used CL = 1−α, where CL is the confidential level. It is the probability that a confidence interval captures the true population parameter given a distribution of samples (Wilcox, 2004) .
Considering 99% of CL, Zα is equal to 2.33 (obtained through the normal distribution). Consequently, the W obtained was 5.23. The statistic of the test says that we should reject the H 0 hypothesis if W > Zα (Wilcox, 2004 ). Consequently, we reject H 0 . This result indicates that the generated catalogs cover the catalogs suggested by experts in at least 90%.
It is important to highlight that the population was not sampled. Consequently, the conclusion of the experiment is based on the observed data. In our case the observational data were the 47 catalogs suggested by the experts and generated using our approach. Nevertheless, even with the unknown population, it is possible to study some population characteristics through the observed data. For this experiment, characteristics such as expertise in software metrics, and professional profile defined the type of population. Thus, the results assessment is valid for the observational data.
Related works
The main goal of our research is to help researchers in empirical studies related to software maintainability, specifically involving software measurement. Studies such as Sjoberg et al. work presented a vision for all fields of software engineering, where empirical research methods are presented as scientific knowledge for different SE technologies (Sjoberg et al., 2007) . They presented many challenges of future of empirical software engineering (ESE) methods, showing the necessity of more research related to empirical studies/methods. And more, one finding of them is that theories should be built, tested and measured. Consequently, it is possible to note the importance of the categorization proposed that make easier the process of empirical studies measurement.
Another study that addressed the necessity of research in ESE was the Weyuker work (Weyuker, 2011) . It discussed the value of empirical studies in software engineering. This paper checked the commonality in projects that conducted empirical studies, trying to figure out what is good, bad, and ugly in this area. This study showed that software engineering research has progressed significantly, but there is still room to improve. Therefore, our work addressed this issue, trying to facilitate the empirical studies that are related to software maintainability evaluation.
A more recent work that presented a tool to support empirical studies was the Marshall and Brereton work (Marshall et al., 2014) . They showed a research of some tools to support systematic mapping studies, and they concluded that there are a variety of tools are available to support the SLR process although many are in the early stages of development and usage. As they discussed, many challenges are posed during the conduction of empirical studies, however, methods, tools, approaches and metrics that support the execution of these studies can decrease the existent gap. Thus, our research aims to decrease this gap, and is trying to help researchers in empirical studies measurement, specifically related to software maintainability assessment.
In this context, other study was performed to identify the mechanisms used to support the ESE studies (Borges et al., 2014) . They performed a systematic mapping study assessing papers published at EASE, ESEM and ESEJ since their first editions. They concluded that ESE has increased over the years but many studies do not apply empirical methods nor use mechanisms to guide their research. Consequently, further research in ESE is demand because there are gaps that foster the development of resources to aid empirical studies.
Recently, Bouwers et al. proposed a catalog format for software metrics as a first step toward a consolidated overview of available software metrics (Bouwers et al., 2014) . They analyzed the past two decades of metrics proposal, and showed how difficult is to evaluate or estimate effort to measure software. They proposed a catalog format to be implemented in a (semantic) wiki to ensure that relationships between metrics can be followed with ease. Thus, it is notorious that the assessment of the results of empirical studies is hard, since is difficult to choose the suitable metrics to use as indicator of software quality. Nevertheless, they proposed only a format for a catalog, while our work proposed a categorization that can generate a family of catalogs to be initially consulted by researchers.
Limitations and threats to validity
It is known that threats to validity can influence or limit the interpretation of the research conclusions (Perry et al., 2000) . Therefore, this section discusses the threats that can interfere in the research results. Next, threats to validity are presented.
We have identified two threats to the external validity of our results. First, the number of questionnaire's respondents cannot represent the whole community of researchers and practitioners that deal with OOSM. Just 47 people answered the questionnaire. However, among these respondents there are some researchers with high level of expertise in metrics. Another issue to point out as a threat to external validity is the low level of expertise in software maintainability informed by the quasi-experiment's participants. With this scenario, it is possible that we cannot generalize a positive evaluation of the OOSM metrics' catalogs generation, since researchers who consider themselves to be experts in OOSM might have answered the questionnaire differently.
We proposed a number of categories to represent the context of the application of OOSM metrics. Nevertheless, it is possible that some categories do not express the typical scenario of OOSM metrics adoption. Moreover, other categories could be identified to represent other contexts of the adoption of this kind of metrics. Since construct validity is related to the choice of the right measure to be used in a study, we can conclude that the metrics' categorization proposed is also a threat to validity.
Another threat to construct validity was the use of the number of times that a metric appears in a paper to rank it. We assumed that the more relevant metrics were mentioned by the highest number of papers. It is important to highlight that we considered only the 138 primary studies selected in the SMS (Saraiva et al., 2012) . Nevertheless, maybe a more expressive OOSM metric was ranked in a low level of this ranking because is not known and other researchers did not employ it.
Considering the statistics adopted for the research evaluation, the hypotheses tests used to assess the OOSM metrics catalogs' generation could be insufficient to infer that this approach is valid to facilitate the decision-making process about the metrics choice in software evaluations.
Conclusion validity is the ability to reach a correct conclusion about the collected data, the employed statistical test, and the reliability of the measures (Perry et al., 2000) . A threat to conclusion validity identified in this study was the high number of metrics that compose the catalogs generated by the portal. We know that this is a study that tries to gather all information about metrics, and that there are many ambiguities and inconsistencies in OOSM metrics adoption. The actual scenario of OOSM metrics' adoption can cause redundancy and consequent increasing the number of metrics proposed for the measure the same software attribute. Consequently, a decision support system should be developed to make more efficient the decisionmaking process about which metrics to adopt in OOSM evaluation.
Concluding remarks
This section presents the concluding remarks obtained after the results assessment. The conclusions are presented in Section 7.1, and Section 7.2 shows the future works based on the gaps found in the results.
Conclusions
We analyzed the metrics description and adoptions scenarios, and we have identified some categories for the metrics. We believe that these categories can represent the context of the metrics' adoption. Consequently, 17 categories was proposed and they were discussed in Section 4.1. It is important to highlight that during the experiment performed to assess the categorization proposed, the respondents chosen categories to represent the context of metrics adoption, and all of the categories proposed by us were selected. In addition, despite of the possibility for including new categories, the experts did not suggest any new category. Thus, we believe that the catalogs generated using the categorization proposed in this work can help researchers in the decision-making process about which metrics can be adopted in their evaluations.
After all that was exposed, the lack of information about the OOSM metrics is evident, and this can cause misunderstanding, inconsistencies, and ambiguity in metrics' using and proposal, making difficult the process of choosing the metrics. Thus, a portal containing all the information obtained during this research was developed (http://julianasaraiva.info/oosmMetricsPortal).
The portal contains among other features, a catalog generator. The metrics categorization was used to generate a family of catalogs. The researcher can choose which category is relevant for his/her evaluation, and the portal informs a list of metrics that belongs to those categories. The idea of the generation of metrics catalogs based on the context of the adoption's scenario is to facilitate the metrics choice by researchers with none or low experience in metrics adoption, by only showing a subset of all metrics available.
A quasi-experiment was conducted to identify evidences about the usefulness of the categorization proposed to generate the catalogs. 47 participants (metrics' experts) answered the online questionnaire. They suggested a metrics catalog based on their own experience and after that, they used the portal to select categories to represent a context of maintainability metrics adoption. Based on the categories choice, the portal generated OOSM metrics' catalogs using the approach proposed here. Assessing the generated catalogs, it was possible to observe that the catalogs generated by the portal had a coverage of at least 90% over the metrics' catalogs suggested by the experts based on their experience. A non-parametric test, Wilcoxon Test, was used to confirm this result. It can be an evidence of that a non-expert using the categorization proposed by us to generate a catalog (to be initially consulted by him/her) would obtain a catalog that is similar to one suggested by experts in OOSM quantitative studies. A positive result would indicate that the proposed approach is useful.
In addition, the majority of experts that participated in our study (87.2%) answered that the catalogs generated by the portal are equivalent or better than the metrics' catalogs they proposed. An issue that is important to point out is that renowned researchers, such as, Chris Francis Kemerer, that proposed very known metrics, the CK metrics (Chidamber and Kemerer, 1994) was one of the questionnaire participants. He gave us a positive feedback about the research and about the catalogs generated by the portal.
Future work
We proposed a metrics' categories based on the metrics' descriptions and scenarios of application of these metrics. However, a depth investigation can be done trying to find other categories or subcategories for metrics' classification. The categorization is the engine of the catalog generator. Consequently, the more diversity is the categorization the better can be the catalog generation.
An alternative way to facilitate the metrics decision-making process can be the mapping of each metric to the adoption goal and to the question to be answered of the GQM (Goal-Question-Metric) Model. This can also help the inconsistencies in metrics' naming since the ambiguous metrics (same names different meanings or different names e same meanings) can be chosen based on the GQM Model for their adoption. This is another way to execute the metrics consolidation naming.
Even with the automatically catalog generation, depending on the categories chosen, the number of metrics in the catalogs can still be high. The more categories are chosen the shorter is the catalog. Nevertheless, other ways to optimize and improve the catalog generation is demanded. This gap reflected directly in the catalog generation assessment. Researchers with low experience in software maintainability and/or in software metrics did not see the catalog generated by the portal efficient because of the number of metrics returned to them. Thus, the questionnaire has to be applied and answered by other expert researchers to decrease this gap. Finally, case studies using the metrics catalogs generated by the approach proposed here have to be performed. Complementarily to catalogs' coverage evaluation, the using of these catalogs can be another evidence to validate our approach. 
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Appendix A. Experiment protocol
A.1. Experimentation goal
To assess the OOSM metrics catalog(s) generation through a context-based categories approach. Specifically, to check what is the coverage percentage of the OOSM metrics' from the catalog proposed by the catalogs' generator over the OOSM metrics' catalogs suggested by researchers.
A.2. Experiment definitions
This section presents some experimental definitions to be considered throughout the experiment planning/execution.
A.2.1. Experiment subjects
The person who applies the treatment to the experimental units. The subjects are the expert researchers consulted.
A.2.2. Experiment objects/units
The object on which the experiment is run. In our case, we have one object per subject. The objects are each individual contexts of maintainability that each subject has (his/her point of view). Therefore, both treatments will be applied (in pairs) to the same object for each subject.
A.2.3. Factor and treatment
The experiment has one factor and two treatments. The factor is how maintainability metrics are defined by researchers and the treatments are two different ways of doing so. One treatment is the researcher expertise and the other is using our catalog generator based on the metrics' categorization choice.
A.2.4. Independent variables/parameter
The independent variables, also called parameters, are variable we fix (control) in the experiment since they might change the result if other values are assumed. The independent variables and their values are:
• Metrics definition domain: Object-Oriented Software Maintainability;
• Expert research set: Authors of papers published at ICSE, SPLASH/OOPLSA, ICSM, CSMR, SBES, ECOOP, METRICS Conference, WETSoM (2009 ; • Experiment application period: December(2013)-January(2014); • The order that the treatments are applied by subject: First the researcher generates the catalog based on his/her expertise and then using our approach (catalog generator based on the metrics' categorization choice). We choose such order since exposing the researchers to the catalog our approach generates would influence the metrics the researchers would report based on his/her experience.
A.2.5. Dependent variables
The dependent variable is the one through we measure the effect of the different treatments. In this experiment, the dependent variables are the metrics' catalogs generated.
A.2.6. Control group
Another way of looking at this experiment is considering a control group. In this case the control group for this experiment is the metrics catalog suggested by the experts considering their expertise (treatment 1).
A.3. Experiment design
A.3.1. Research goal and hypotheses
The research goal here is to assess the statement that the metrics' catalogs generation proposed here is useful. We tried to find any evidence about of the coverage percentage of the OOSM metrics' catalog generated based on the categories choice over the OOSM metrics' suite proposed by the experts interviewed.
A CI was defined for each catalog generated during the experiment. The CI is the probability of the metrics suggested by the experts belong to the catalog generated using our approach.
For each researcher (i) evaluated, a CI i was denoted as:
Where, X i is the metrics catalog generated using our approach (categorization choice) by researcher i, Y i is the metrics catalog generated by the researcher i expertise, and # is a function that returns the number of metrics in a catalog.
The goal of this evaluation is to infer that our catalogs' coverage is at least 90% over the metrics suggested by experts. Thus, the hypotheses definition are: H 0 : CI <= 0.9. In other words, the catalogs generated using our approach has less than 90% of coverage over the catalogs proposed by experts (null hypothesis).
H 1 : CI > 0.9. In other words the catalogs generated using our approach is greater than 90% of coverage over the catalogs proposed by experts (alternative hypothesis).
A.3.2. Research method
Our study is a quasi-experiment because we do not have a random assignment of subjects to treatment. This occurs mainly because we do not know the actual population of OOSM researchers and practitioners. In fact, we invited all researchers we could, considering our definition of metric experts (see independent variables definition at Section A.2.4) and all participants were exposed to both treatments.
A.3.3. Data collection technique (instrumentation)
We used the direct technique, specifically questionnaires for data collection. Direct techniques allow the experimenter to obtain a general understanding of the software engineering process. Such techniques are probably the only way to gauge how enjoyable or motivating certain tools are to use or certain activities to perform. However, they are often subjective, and additionally do not allow for accurate time measurements. It is composed by brainstorming, focus groups, interviews, questionnaires, conceptual modeling.
Interviews and questionnaires are techniques that have been used by researchers when their goal is to understand general information (including opinions) about process, product, personal knowledge etc. It can be adopted for small to large volume of data. As interviews involve at least one researcher talking to at least one respondent, we did not adopt this method. Questionnaires are sets of questions administered in a written format. These are the most common field technique because they can be administered quickly and easily. However, very careful attention needs to be paid to the wording of the questions, the layout of the forms, and the ordering of the questions in order to ensure valid results.
A.4. Data assessment
For data assessing, a statistic coverage evaluation was performed checking the catalog CI. We calculated the CI based on the description previously shown (Section A.3.1) for each expert interviewed. It was found a data asymmetry analyzing the histogram of the CIs calculated. Consequently, a non-parametric test was applied to assess the data set (Wilcox, 2004) . Specifically, the Wilcoxon Test for one-sample was used, and the Z-Test was adopted as the statistic of the test.
For these cases, we should reject the H 0 hypothesis if Z > Zα (Wilcox, 2004) . For this assessment, we used a 99% confidence level (CL). The values of Zα are obtained through the normal distribution. Considering 99% of CL, Zα is equal to 2.33 (obtained through the normal distribution).
A.5. Questionnaire applied
This section shows the online questionnaire used in this experiment. Figs. A.1-A.5 depict the online questionnaire pages. The first part is composed by questions related to interviewee's background. Fig. A.1 . Questions 4 and 5, shown in Fig. A.2 measure the interviewee expertise. Fig. A .3 presents how the questionnaire participant can suggest metrics to compose the his/her catalog. He/she has to inform the metric's name and metric's description to compose his/her catalog. After that, it is necessary to choose which category(s) fit with the metrics previously added. Fig. A.4 shows this questionnaire part. Finally, a catalog is generated according the information about metrics and categories that the interviewee informed previously. And, a last question is raised to check the equivalence between the catalog generated by the tool and the catalog suggested by the expert. It is possible to check this situation in Fig. A.5. 
It is depicted in
Appendix B. Experts' opinion about the proposed approach
The last question of the questionnaire was related to the experts' assessment of the catalog generated by the portal. The goal of this question is to check the experts opinion about of the catalogs generation. The respondents were questioned if the catalog generated was equivalent or better than the catalog proposed/used by them in OOSM evaluations. It is important to clarify that is a complementary evaluation to the coverage assessment presented in Section 4.2.5.
The Hypotheses Test of Proportion (Wilcox, 2004) was used to assess the data. This is used to test hypotheses related to sample proportion, which is our case. We wanted to check if the majority of the respondents agree that the catalog generated by the portal is equivalent or better than the catalog previously suggested by them. Consequently, we assumed that the majority of the respondents assessed positively the catalog generated by the portal. Based on that, the hypotheses shown in Section 3.2 were raised. This implies that:
1. H 0 : P = 0.7 2. H 1 : P > 0.7 The statistic test Z is compared with the value of Zα. α is the significance level (α = 1−CL). For this assessment, we used a CL of 99%. The values of Zα are obtained through the normal distribution. Considering 99% of CL, Zα is equal to 2.33 (obtained through the normal distribution). On the other hand, to calculate Z we use the formula proposed for the statistic of this test, depicted in Fig. B.1 . Therefore, considering 47 answers, 41 respondents informed that the catalog proposed by our approach was equivalent or better than the catalog suggested by them. Consequently, the Z value obtained was 2.57.
The statistic of the test says that we should reject the H 0 hypothesis if Z > Zα (Wilcox, 2004) . Consequently, we reject the H 0 . Based on this results, we claim that respondents assessed the portal positively. Thus, this assessment represents an initial approval of the approach and idea behind the portal of OOSM metrics.
